For the problems that brain-computer interface is susceptible to environmental noise interference and has low classification accuracy in traditional single-mode electroencephalography (EEG), this paper introduces the technique of function Near Infrared Spectroscopy (fNIRS) based on the study of EEG brain-computer interface in human brain central nervous system, designs and simplifies the experimental paradigm of the EEG-fNIRS multimodal brain-computer interface based on the fisting action. According to the result of single modal feature classification, the fusion feature based on EEG wavelet coefficient and fNIRS slope is proposed. The result shows that the average recognition rate of the fisting action task after feature fusion is 3% to 9% higher than that of the EEG feature and fNIRS alone. The fNIRS can significantly enhance the brain-machine interface performance based on the EEG and is of significance for the improvement of the application of the multimodal brain-machine interface.
Introduction
Brain-Computer Interface (BCI) is a new technology that directly extracts information from the central nervous system and uses human minds to directly operate peripheral devices, which is the highest form of human-computer interaction in the future (Ortizrosario et al., 2013) . The human brain dictates human thinking and behavior. At the same time, human brain is the most advanced organ for controlling emotions and the autonomic nervous system and the most important organ for human intelligence. Under normal circumstances, the brain's thinking is transmitted through the nervous system to other physiological systems of the human body (such as the muscle system) and communicates with the outside world in the form of sounds and actions through the muscle system. However, for patients with severe nerve damage or muscle spasms, such as stroke, spinal cord injury (SCI), amyotrophic lateral sclerosis (ALS) and cerebral palsy, they lose all or part of their ability to control muscles, and thus lose their language and athletic ability so that they can't communicate with the outside world (Lafleur et al., 2013) . The research on brain-computer interface technology was originally applied to medical rehabilitation to help patients with severe nerve damage or muscle spasm. The brain-computer interface technology brings hope to patients with normal consciousness but unable to move their limbs.
With the brain-computer interface system, these patients can control wheelchairs, operate computers, control switches, and perform active rehabilitation training, and thus they can communicate with the outside world, control the surrounding environment, perform rehabilitation training, and improve their activities, enhancing their self-help ability and quality of life from many perspectives (Lulé et al., 2013) . In addition to applications in the field of medical rehabilitation, the brain-computer interface has rapidly expanded to other areas for healthy people. For example, in the military field, brain-machine interfaces can be used to communicate with commanders to achieve silent communication, and they can also be used to control drones, fighters, etc. (Allison et al., 2014) . All in all, the brain-machine interface technology has great value and broad prospects, making it widely recognized worldwide. With the development and maturity of the brain-computer interface, it will be applied in more and more fields.
The BCI laboratory of the University of Graz in Austria was one of the earliest research institutes to conduct multimodal brain-computer interface research. They designed multimodal brain-computer interfaces based on different modalities of EEG, such as the parallel multimodal BCI based on the fusion of ERD and SSVEP. It has been proved through many experiments that multimodal BCI significantly improved the classification accuracy; they also took ERD -BCI as the "brain switch" in another SSVEP-BCI and they formed a new serial multimodal BCI, achieving very good experimental results . In 2009, the Japanese Honda Institute, the International Advanced Telecommunications Research Institute (ATR) and Shimadzu Corporation jointly developed a multi-modal brain-machine interface based on EEG and fNIRS and the supporting data processing algorithm. Users imagined the left hand, the right hand, the tongue, and the feet without any actual movement and the caps with EEG and fNIRS sensors were used to simultaneously collect the changes in cerebral cortex potential and hemodynamics triggered by the users' thinking process. After that, the data obtained was classified in real time to identify the content that the user imagined. After receiving the identifying result, Honda's robot ASIMO performed a corresponding action, such as lifting its arm or leg. In the test, a correct rate of more than 90% was achieved, but this system was faced with problems such as poor real-time performance and low information transmission rate (Xu et al., 2014) . Based on the study of EEG brain-computer interface, this paper introduces the fNIRS technology and proposes a multi-modal brain-computer interface feature extraction and classification method of linear discriminant analysis (LDA) that combines EEG wavelet coefficient and fNIRS slope fusion, which has certain significance for improving the application of EEG-f NIRS multimodal BCI.
Methods
In this paper, the downsampling factor M=4 is selected to reduce the EEG signal from 1000Hz sampling rate to 250Hz. There are electrophysiological noises such as myoelectricity and electrocardiography in EEG signals, and the noise brought by external influences may also affected the device (such as 50Hz power frequency interference). The digital filter used in this article is the Butterworth filter. First, the passband from 0.5 to 40 Hz is used to conduct the filtering, and then the Butterworth filters whose band-pass are 7 to 14 Hz and 15 to 30 Hz are used to obtain EEG signals in Alpha and Beta band. The Band Power feature is to take the EEG signal energy of a specific frequency band as a pattern classification feature, which is the simplest and most effective feature extraction method of EEG signal classification for motion execution or motion imagery. Studies have shown that subjects' fisting action will lead to the increase and decrease in amplitudes of the Alpha and Beta bands of EEG signal, namely the phenomenon of event-related synchronization (ERS) and eventrelated desynchronization (ERD). Therefore, the feature extraction of frequency band energy is conducted on the EEG signals on the Alpha and Beta bands extracted by band-pass filtering (Kaiser et al., 2014) . Its calculation formula is:
Autoregressive model (AR model) is a method to process time series in statistics. According to the non-stationary and stochastic characteristics of EEG signals, it is necessary to segment the EEG signals according to the stimulus task during the power spectrum analysis process of EEG. The AR model is one of the commonly used models in modern power spectrum estimation and it has very good performance especially when dealing with short data (Khan et al., 2014) . Therefore, the AR model parameters are taken as one of the features of the EEG signal. The wavelet transform (WT) uses a variable time-scale window function to perform local analysis of the signal, that is, to select different window functions at different frequencies (Zhang et al., 2013) . This timefrequency analysis advantage is very effective in non-stationary signals such as EEG signal processing.
After the action is performed, the activity of the sensory motor area in the cerebral cortex is enhanced, resulting in a hemodynamic response, which is mainly reflected in the increase in the total concentration of HbO, hemoglobin, and a slight decrease in HbR concentration. Fig. 1 shows the change of mean HbO concentration 50 trials in the cerebral cortex sensory motor area after the subjects1 performs the hand movements. The upper part is the left-handed movement while the lower part is the right-handed movement. 0s, 6s, and 12s indicates the time points after the movement prompt respectively. Figure 1 shows that both left-handed and right-handed movements significantly activate the sensory motor areas of the two hemispheres of the brain, induce brain activity, cause hemodynamic responses, and lead to the increase of HbO concentration. The extraction method of signal slope (SL) of fNIRS is to conduct linear fitting for the HbO concentration signal in each channel for a period of time, and the slope of the fitted line is taken as the fNIRS signal slope characteristics. Since the least square fitting linear line algorithm is simple, easy to implement and relatively stable and the fitting accuracy is relatively high, the least squares method is used for linear line fitting of HbO concentration signals in this paper . The signal mean (SM) of the fNIRS signal selects the mean value of the HbO concentration signal in each channel during a period of time as its feature. Its calculation formula is:
In this paper, band energy, AR model parameters, and wavelet coefficient are extracted from each subject's EEG signal, and the mean value and slope characteristics of the fNIRS signal are extracted. On this basis, firstly, Linear Discriminant Analysis (LDA) and Support Vector Machines (SVM) are separately used for the leftright classification of EEG and fNIRS signals; secondly, the feature-layer fusion strategy is used to classify the feature fusion of EEG and fNIRS signal. All classification processes use 5-fold cross-validation for eight times to obtain the average accuracy to enhance the credibility of the final result. Table 1 .
The mean values of fNIRS signals in 20 channels form a 20-dimensional feature vector and the average recognition rate is obtained through 5-fold cross-validation for eight times after the classification by the classifier. Divided into three time periods of SM (3~5s), SM (3~6s), SM (3~7s), the classification accuracy rate is shown in Table 2 . The slopes of the 20 channel fNIRS signals form a 20-dimensional feature vector and the average recognition rate is obtained through 5-fold crossvalidation for eight times after the classification by the classifier. Divided into three time periods of SL (3~5s), SL (4~6s) and SL (5~7s). The classification accuracy is shown in Table 3 . From the classification results in Tables 1, 2 , and 3, it can be seen that the average accuracy of the LDA and SVM classifiers is not significantly different for different types of characteristics from the perspective of classifiers. From the perspective of subjects, there is also a certain difference in accuracy between different subjects under the circumstance of same type and classifier. The reasons for this difference may be attributed to physiological differences between subjects such as the head type, cerebral cortex, and the state of subjects during the experiment.
From the perspective of EEG signal, the average accuracy of the wavelet coefficient characteristics is higher than that of the frequency band energy and the AR model coefficient characteristics, which indicates that the wavelet coefficient is superior to the combination characteristics of frequency band energy and AR model coefficients, which is more suitable for the classification of left-right EEG signals.
From the perspective of the fNIRS signal, the average correct rate for three time periods of the mean feature showed an increasing trend as a whole, indicating that during the action tasks, the greater the time span, the more obvious the mean difference of the HbO concentration signal caused by the left and right hands; for the slope features in three time periods, and correct rate is relatively higher at about 5 seconds. The highest average accuracy rate is SL (3~5s): 75.8%.
From the comparison of the EEG and fNIRS signals, the best average accuracy of the EEG signal (WT: 80.2%) is higher than the best average recognition rate of the fNIRS signal (SL (3~5s): 75.8%. However, the difference in EEG recognition rate among different subjects is relatively large, while the fNIRS signal is relatively stable, indicating that the robustness is better than that of EEG signals.
Classification Based on Fusion Characteristics of EEG Wavelet Coefficient and fNIRS Slope
PCA is a statistical analysis method that obtains the main characteristics of data. This paper uses PCA for EEG and fNIRS feature fusion and selects the first 10 principal components and the cumulative contribution of the selected 10 principal components to the original fusion feature reaches 90%. Then, LDA and SVM are used to conduct classification and perform 5-fold crossvalidation for eight times, obtaining the classification of single-modal signals (EEG, fNIRS), multi-modal signals (HYB), and multi-mode signals after the processing of PCA (HYB+PCA). The results are shown in Figure 3 and Figure 4 . 
Conclusion and Prospects
This paper introduces the technique of function Near Infrared Spectroscopy (fNIRS) based on the study of EEG brain-computer interface in human brain central nervous system, designs and simplifies the experimental paradigm of the EEGfNIRS multimodal brain-computer interface based on the fisting action. Studies have shown that the multimodal fusion features of EEG wavelet coefficient and fNIRS slope significantly improve the recognition accuracy of recognition accuracy of fisting action by single-modal features. fNIRS can significantly enhance the performance of BCI based on EEG, and the use of multimodal brain signals can improve the performance of traditional brain-computer interface system. Meanwhile, the simplified design of the braincomputer interface system and the dimension reduction of the fusion features have certain significance for improving the application of the EEG-fNIRS multimodal BCI.
